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èíòåðïðåòèðóåìîñòü óñòðîéñòâà ìîäåëè
èëè ïðåäñêàçàíèÿ íà îáúåêòå
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Comprehensibility � âîçìîæíîñòü
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�Do you want an interpretable model, or the one that works?�
[Yann LeCun, NIPS'17]

V.Belle, I.Papantonis. Principles and practice of explainable machine learning. 2020
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Îáúÿñíèìîñòü � êîìó, çà÷åì è ÷òî èìåííî îáúÿñíÿòü?

Êòî: ýêñïåðòû ïðåäìåòíîé îáëàñòè
Çà÷åì: äîâåðèå ê ìîäåëÿì, ïîëó÷åíèå çíàíèé èç äàííûõ

Êòî: êîíå÷íûå ïîëüçîâàòåëè
Çà÷åì: ïîíèìàíèå ïðè÷èí ïðèíèìàåìûõ ðåøåíèé

Êòî: ðåãóëÿòîðû
Çà÷åì: àóäèò ñîîòâåòñòâèÿ ìîäåëåé ñòàíäàðòàì è íîðìàì

Êòî: èññëåäîâàòåëè, ðàçðàáîò÷èêè
Çà÷åì: ïîíèìàíèå ñâîéñòâ ìîäåëåé, ïðîäóêòîâ è ñåðâèñîâ

Êòî: áåíåôèöèàðû, ìåíåäæåðû
Çà÷åì: ïîíèìàíèå âëèÿíèÿ ìîäåëåé íà áèçíåñ-ïðîöåññû

A.B.Arrieta et al. Explainable Arti�cial Intelligence (XAI): Concepts, Taxonomies,
Opportunities and Challenges toward Responsible AI. 2019.
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Èíòåðïðåòèðóåìûå ìîäåëè ìàøèííîãî îáó÷åíèÿ

A.B.Arrieta et al. Explainable Arti�cial Intelligence (XAI): Concepts, Taxonomies,
Opportunities and Challenges toward Responsible AI. 2019.
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Íàïîìèíàíèå. Ìíîãîìåðíàÿ ëèíåéíàÿ ðåãðåññèÿ

Ìîäåëü ëèíåéíîé ðåãðåññèè íà n ïðèçíàêàõ f1(x), . . . , fn(x):

f (x , α) =
n∑

j=1

αj fj(x), α ∈ Rn

Ìåòîä íàèìåíüøèõ êâàäðàòîâ, îáó÷åíèå ïî âûáîðêå (xi , yi )
`
i=1:

Q(α) =
∑̀
i=1

(
f (xi , α)− yi

)2
= ‖Fα− y‖2 → min

α

α∗ = (F TF )−1F Ty � ðåøåíèå çàäà÷è ÍÊ, F =
(
fj(xi )

)
`×n

Êîýôôèöèåíò äåòåðìèíàöèè R2 ∈ [0, 1], ÷åì âûøå, òåì ëó÷øå:

R2 = 1− minα ‖Fα− y‖2

minc ‖c − y‖2
= 1− ‖Fα

∗ − y‖2

‖ȳ − y‖2
=

yTFα∗ − nȳ2

yTy − nȳ2
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Îöåíêè çíà÷èìîñòè ïðèçíàêîâ â ëèíåéíîé ðåãðåññèè

Êîýôôèöèåíò α∗j ðàâåí èçìåíåíèþ f ïðè óâåëè÷åíèè fj íà 1
� íå ó÷èòûâàåòñÿ ìàñøòàá, ñäâèã, äèñïåðñèÿ, êîððåëÿöèè,

ìóëüòèêîëëèíåàðíîñòü ïðèçíàêîâ (èñòî÷íèê ïåðåîáó÷åíèÿ)

t-ñòàòèñòèêà çíà÷èìîñòè ïðèçíàêà (feature importance)

� ó÷èòûâàåò äèñïåðñèþ îöåíêè α∗j :

Tj =
α∗j

σ̂
√

(F TF )−1
jj

∼ t`−n, σ̂2 =
Q(α∗)

`− n

� ïîçâîëÿåò ïðîâåðÿòü ãèïîòåçó α∗j = 0,
� âû÷èñëÿòü p-value äëÿ ýòîé ãèïîòåçû,
� äîâåðèòåëüíûå èíòåðâàëû äëÿ α∗j .

t-ðàñïðåäåëåíèå
Ñòüþäåíòà ñ ν = `−n
ñòåïåíÿìè ñâîáîäû

×èñòûé ýôôåêò (net e�ect) NEFj ïðèçíàêà â ðàçëîæåíèè R2:

R2 = yTFα∗ =
n∑

j=1
α∗j (f T

j y) =
n∑

j=1
NEFj (ïðè yTy = 1, ȳ = 0)
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Ïðèìåð. Çàäà÷à ïðîãíîçèðîâàíèÿ àðåíäû âåëîñèïåäîâ

xi � äàòà, yi � ÷èñëî àðåíäîâàííûõ âåëîñèïåäîâ

Weight = α∗j ; Standard Error SE = σ̂
√

(F TF )−1
jj ; t = |Tj |

Intercept � ñâîáîäíûé ÷ëåí, êîýôôèöèåíò ïðè ïðèçíàêå f1 = 1

UCI ML Repo: http://archive.ics.uci.edu/ml/datasets/Bike+Sharing+Dataset

Christoph Molnar. Interpretable Machine Learning: A Guide for Making Black Box
Models Explainable. 2019
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Îöåíêè çíà÷èìîñòè ïðèçíàêîâ äëÿ ôèêñèðîâàííîãî îáúåêòà

Âàæíîñòü ïðèçíàêà (âêëàä, e�ect) eff j(x) = αj fj(x)
� ó÷èòûâàåòñÿ ìàñøòàá, íå ó÷èòûâàþòñÿ ñäâèã è êîððåëÿöèè

Ñèòóàòèâíàÿ âàæíîñòü situational importance = αj

(
fj(x)− f̄j

)
� ó÷èòûâàåòñÿ ìàñøòàá è ñäâèã, íå ó÷èòûâàþòñÿ êîððåëÿöèè

Áîêñû (boxplot) ïîêàçûâàþò
ðàñïðåäåëåíèÿ {eff j(xi )}`i=1

××× � âêëàäû äëÿ êîíêðåòíîãî
âûáðàííîãî îáúåêòà xi

Ãðàôèê îáúÿñíÿåò, êàêèå
ïðèçíàêè îáóñëîâèëè íèçêèé
ïðîãíîç íà äàííîì îáúåêòå

Christoph Molnar. Interpretable Machine Learning: A Guide for Making Black Box
Models Explainable. 2019
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Ãðàôèêè ÷àñòè÷íîé çàâèñèìîñòè (Partial Dependence Plot, PDP)

Êàê ìîäåëü f (x) çàâèñèò îò ÷àñòè ïðèçíàêîâ S ⊆ {f1, . . . , fn}?
x = (xS , x̃), xS � ïðèçíàêè èç S , x̃ � îñòàëüíûå ïðèçíàêè.

Îöåíèâàíèå èíòåãðàëà ìåòîäîì Ìîíòå-Êàðëî:

g(xS) = Ex̃ f (xS , x̃) =

∫
f (xS , x̃)dP(x̃) èëè · · · dP(x̃ |xS)

ĝ(xS) =
1

`

∑̀
i=1

f (xS , x̃i ) èëè ĝ(xS) =

∑
i K (xS , xSi )f (xS , x̃i )∑

i K (xS , xSi )

Christoph Molnar. Interpretable Machine Learning: A Guide for Making Black Box
Models Explainable. 2019
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Ãðàôèêè èíäèâèäóàëüíûõ óñëîâíûõ çàâèñèìîñòåé (ICE)

Individual Conditional Expectation: PDP ïî îòäåëüíûì îáúåêòàì
f (x) = f (xS , x̃), xS � ïðèçíàêè èç S , x̃ � îñòàëüíûå ïðèçíàêè.

Ãðàôèê çàâèñèìîñòè gi (xS) = f (xS , x̃i ) äëÿ êàæäîãî xi = (xSi , x̃i ):

Ïîêàçûâàåò, êàê èçìåíèòñÿ ïðåäñêàçàíèå ìîäåëè íà îáúåêòå,
åñëè èçìåíÿòü çíà÷åíèå âûáðàííîãî ïðèçíàêà xS , |S |=1.

Christoph Molnar. Interpretable Machine Learning: A Guide for Making Black Box
Models Explainable. 2019
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Ïåðåñòàíîâî÷íûå îöåíêè çíà÷èìîñòè ïðèçíàêîâ

Ïåðåñòàíîâî÷íàÿ îöåíêà PFI (permutational feature importance)

PFIj = Q j/Q èëè Q j − Q

ïîòåðè íà èñõîäíîé âûáîðêå:
Q =

∑
i L
(
f (xi ), yi

)
ïîòåðè ïîñëå ïåðåìåøèâàíèÿ:
Q j =

∑
i L
(
f (x̃ ji ), yi

)
ãäå f (x) � îáó÷åííàÿ ìîäåëü,
L (f , y) � ôóíêöèÿ ïîòåðü,

x̃ ji = çàìåíà
(
fj(xi )→ fj(xrand)

)
.

⊕ ëþáàÿ ìîäåëü ⊕ îäíîêðàòíîå îáó÷åíèå ⊕ ó÷¼ò êîððåëÿöèé
	 ïåðåìåøèâàíèå ìîæåò ïîðîæäàòü íåðåàëèñòè÷íûå îáúåêòû

Christoph Molnar. Interpretable Machine Learning: A Guide for Making Black Box
Models Explainable. 2019
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Âåêòîð Øåïëè (èç òåîðèè êîîïåðàòèâíûõ èãð)

Ïðèçíàêè F = {f1, . . . , fn} èãðàþò â êîîïåðàòèâíóþ èãðó
V (S) � ñîâìåñòíûé âûèãðûø êîàëèöèè S ⊆ F , V (∅) = 0

Èãðîêè âñòóïàþò â S ïî î÷åðåäè, çàäàâàåìîé ïåðåñòàíîâêîé π
∆(j , S) = V (S ∪ j)−V (S) � ïîëåçíîñòü èãðîêà fj â êîàëèöèè S
Sπj ⊂ F � ìíîæåñòâî èãðîêîâ, èäóùèõ ïåðåä fj â ïåðåñòàíîâêå π

Âåêòîð Øåïëè φ � ñïðàâåäëèâûé äåë¼æ îáùåãî âûèãðûøà:

φj =
1

n!

∑
π

∆(j ,Sπj) =
∑
S

|S |! (n − |S | − 1)!

n!
∆(j ,S)

|S |! � ÷èñëî ñïîñîáîâ îáðàçîâàòü êîàëèöèþ S
(n − |S | − 1)! � ÷èñëî ñïîñîáîâ ïðîäîëæèòü îáðàçîâàíèå
êîàëèöèè ïîñëå ïðèñîåäèíåíèÿ fj ê S
n! � ÷èñëî ïåðåñòàíîâîê π ìíîæåñòâà n èãðîêîâ

Lloyd Stowell Shapley. A value for n-person games. 1952
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Ñâîéñòâà âåêòîðà Øåïëè

Òåîðåìà

Ýòî åäèíñòâåííûé ñïîñîá äåë¼æà, óäîâëåòâîðÿþùèé àêñèîìàì:

1 ýôôåêòèâíîñòü:∑n
j=1 φj = V (F )

2 ñèììåòðè÷íîñòü (àíîíèìíîñòü èãðîêîâ):
∀S , j , k ∆(j , S) = ∆(k ,S) ⇒ φj = φk

3 íåâîçìîæíîñòü õàëÿâû äëÿ ¾áîëâàíà¿:
∀S , j ∆(j , S) = 0 ⇒ φj = 0

4 ñîñòîÿòåëüíîñòü:
∀S , j ∆1(j ,S) 6 ∆2(j ,S) ⇒ φ1j 6 φ2j

5 àääèòèâíîñòü (ïî èñòî÷íèêàì âûèãðûøà):
∀S V (S) = α1V1(S) + α2V2(S) ⇒ ∀j φj = α1φ1j + α2φ2j

Lloyd Stowell Shapley. A value for n-person games. 1952
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Îöåíèâàíèå âåêòîðà Øåïëè

Íåñìåù¼ííàÿ îöåíêà âåêòîðà Øåïëè ìåòîäîì Ìîíòå-Êàðëî:
Π � ñëó÷àéíîå ïîäìíîæåñòâî ïåðåñòàíîâîê; äëÿ êàæäîé π ∈ Π
â ìîäåëü èíêðåìåíòíî äîáàâëÿþòñÿ ïðèçíàêè π(j), j = 1, . . . , n:

φ̂j =
1

|Π|
∑
π∈Π

∆(j ,Sπj)

×òî ñ÷èòàòü âûèãðûøåì V (S) ïðèçíàêîâ S ⊆ {f1, . . . , fn}:
Êîýôôèöèåíò äåòåðìèíàöèè V (S) = R2

S ,
ìîäåëü äîîáó÷àåòñÿ ïðè äîáàâëåíèè êàæäîãî ïðèçíàêà

Shapley regression value V (S) = fS(x) íà îáúåêòå x ,
ãäå ìîäåëü fS îáó÷åíà òîëüêî íà ïðèçíàêàõ èç S

Shapley sampling value V (S) = Ex̃ f (xS , x̃), ãäå x = (xS , x̃)
Ex̃ � ñðåäíåå ïî îáúåêòàì âûáîðêè xi =(xSi , x̃i ): xSi ≈ xS

E.�Strumbelj, I.Kononenko. Explaining prediction models and individual predictions
with feature contributions. 2014
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Âåêòîð Øåïëè äëÿ ïðèçíàêîâ â ëèíåéíîé ðåãðåññèè

α = (F TF )−1F Ty � ðåøåíèå çàäà÷è ‖Fα− y‖2 → minα.

Ðàçëîæåíèå êîýôôèöèåíòà äåòåðìèíàöèè íà ÷èñòûå ýôôåêòû:

R2 =
n∑

j=1
αj(f

T
j y) (ïðè yTy = 1, ȳ = 0)

Ðàçëîæåíèå R2 ïî çíà÷åíèÿì Øåïëè ïðèçíàêîâ, ïðè V (S) = R2
S :

R2 =
n∑

j=1
φj

Ïðèðàâíèâàÿ ýôôåêòû, φj = αj(f
T
j y), ïîëó÷àåì αj = φj/(f T

j y)

Ïðåèìóùåñòâî îöåíîê Øåïëè αj äëÿ ëèíåéíîé ðåãðåññèè:

íå ïîäâåðæåíû ìóëüòèêîëëèíåàðíîñòè, áîëåå óñòîé÷èâû

êîýôôèöèåíòû èíòåðïðåòèðóåìû ïî çíàêó è âåëè÷èíå

ìîãóò èìåòü ñìåùåíèå, íî îíî íåçíà÷èòåëüíî

S.Lipovetsky, M.Conklin. Analysis of regression in game theory approach. 2001
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Ñóððîãàòíîå ìîäåëèðîâàíèå â îêðåñòíîñòè îáúåêòà x

(xi , yi )
`
i=1 � îáó÷àþùàÿ âûáîðêà, L (f , y) � ôóíêöèÿ ïîòåðü

f (x , α) � íåèíòåðïðåòèðóåìàÿ ìîäåëü, îáó÷åííàÿ ïî âûáîðêå:∑̀
i=1

L
(
f (xi , α), yi

)
→ min

α

gx(z , β) � èíòåðïðåòèðóåìàÿ ñóððîãàòíàÿ ìîäåëü äëÿ
àïïðîêñèìàöèè f â îêðåñòíîñòè îáúÿñíÿåìîãî îáúåêòà x :

k∑
i=1

wxi L
(
gx(zi , β), f (zi , α)

)
+ Ω(β)→ min

β

(zi )
k
i=1 ∼ π

(
Kh(z , x)

)
� ñóððîãàòíûå îáúåêòû, ñýìïëèðóåìûå

èç ðàäèàëüíîãî ðàñïðåäåëåíèÿ ñ öåíòðîì â x è ðàäèóñîì h

wxi = Kh(z , x) � âåñà îáúåêòîâ â h-îêðåñòíîñòè îáúåêòà x

Kh(z , x) � ôóíêöèÿ áëèçîñòè (kernel) ðàäèóñà h

Ω(β) � ðåãóëÿðèçàòîð, øòðàô çà ñëîæíîñòü ìîäåëè gx(z , β)
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Ìåòîä LIME (Local Interpretable Model-agnostic Explanations)

gx(z , β) =
m∑
j=1

βjbj(z) � ëîêàëüíàÿ ëèíåéíàÿ àïïðîêñèìàöèÿ

1 ôèêñèðóåòñÿ îáúåêò x , äëÿ êîòîðîãî òðåáóåòñÿ îáúÿñíåíèå
2 ñèíòåçèðóþòñÿ ñóððîãàòíûå îáúåêòû zi â åãî îêðåñòíîñòè
3 íà íèõ âû÷èñëÿþòñÿ çíà÷åíèÿ îñíîâíîé ìîäåëè f (zi , α)
4 ñòðîèòñÿ ëîêàëüíàÿ àïïðîêñèìàöèÿ ñóððîãàòíîé ìîäåëüþ
5 äëÿ îáúåêòà x ñòðîèòñÿ îáúÿñíåíèå è åãî âèçóàëèçàöèÿ

M.Ribeiro, S.Singh, C.Guestrin. �Why should I trust you?� Explaining the predictions
of any classi�er. 2016
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Ìåòîä LIME: ñèíòåç ñóððîãàòíûõ îáúåêòîâ

gx(z , β) =
m∑
j=1

βjbj(z) � ëîêàëüíàÿ ëèíåéíàÿ àïïðîêñèìàöèÿ

Ïðèçíàêè bj(z) =
[
j-ãî èñêàæåíèÿ îáúåêòà x â ñóððîãàòå z íåò

]
Ñèíòåç ñóððîãàòà z(b) = ïðèìåíèòü ê x âñå èñêàæåíèÿ j : bj =0
Ñèíòåç âûáîðêè ñóððîãàòîâ (zi )

k
i=1 � ïî ñëó÷àéíûì bj ∈ {0, 1}

Îëåã Ñåäóõèí. Èíòåðïðåòàöèÿ ìîäåëåé è äèàãíîñòèêà ñäâèãà äàííûõ: LIME, SHAP
è Shapley Flow. 2022-01-13. https://habr.com/ru/companies/ods/articles/599573
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Ìåòîä LIME: èíòåðïðåòèðóåìîñòü ñóððîãàòíîé ìîäåëè

gx(z , β) =
m∑
j=1

βjbj(z) � ëîêàëüíàÿ ëèíåéíàÿ àïïðîêñèìàöèÿ

Ïðèìåðû èíòåðïðåòèðóåìûõ èñêàæåíèé îáúåêòà x :
� çàìåíà j-ãî ïðèçíàêà â x íà ïðîïóñê, ñðåäíåå çíà÷åíèå èëè 0;
� çàìåíà ÷àñòè îáúåêòà x ÷àñòüþ äðóãîãî îáúåêòà;
� âûáðàñûâàíèå j-ãî ñëîâà èç òåêñòà x , è ò.ï.

Èíòåðïðåòèðóåìîñòü ëèíåéíîé ìîäåëè gx(z , β):
� âåñ βj ðàâåí èçìåíåíèþ g ïðè óñòðàíåíèè èñêàæåíèÿ bj
� ÷èñëî m íå äîëæíî áûòü ñëèøêîì áîëüøèì
� íå äîëæíî áûòü ìóëüòèêîëëèíåàðíîñòè (ðåãóëÿðèçàöèÿ!)

L (g , f ) = (g − f )2 � êâàäðàòè÷íàÿ ôóíêöèÿ ïîòåðü

Kh(z , x) = exp
(
− 1

h2 ρ
2(z , x)

)
, ãäå ρ åâêëèäîâà èëè êîñèíóñíàÿ

M.Ribeiro, S.Singh, C.Guestrin. �Why should I trust you?� Explaining the predictions
of any classi�er. 2016
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Ïðèìåð LIME. Çàäà÷à êëàññèôèêàöèè òåêñòîâ (20NewsGroups)

Ïðèçíàêè bj(z) =
[
íàëè÷èå ñëîâà j èç òåêñòà x â òåêñòå z

]
Ãèñòîãðàììà âåñîâ βj : âàæíîñòè ñëîâ j äëÿ èñõîäíîãî òåêñòà x

Ìîäåëü êëàññèôèêàöèè SVM-RBF èìååò òî÷íîñòü 94% íà òåñòå,
íî ïðè ðàçëè÷åíèè êëàññîâ ¾christianity¿ è ¾atheism¿ ñ÷èòàåò
âàæíûìè ìóñîðíûå ñëîâà ¾Posting¿, ¾Host¿, ¾Re¿.

ßñíî, â ÷¼ì ïðîáëåìà, è êàê å¼ èñïðàâëÿòü (ôèëüòðîâàòü ñëîâà)
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Ïðèìåð LIME. Çàäà÷à êëàññèôèêàöèè èçîáðàæåíèé

Ïðèçíàêè bj(z)mj=1 � ñåãìåíòû (super-pixel) èç èçîáðàæåíèÿ x
m = 10, ïðèçíàêè êîíñòðóèðóþòñÿ ïîä îáúÿñíÿåìûé îáúåêò x

Ìîäåëü êëàññèôèêàöèè � ãëóáîêàÿ íåéðîñåòü Google Inception
Òðè íàèáîëåå âåðîÿòíûõ êëàññà: ¾electric guitar¿ (p = 0.32),
¾acoustic guitar¿ (p = 0.24), ¾labrador¿ (p = 0.21)

ßñíî, ïî÷åìó ìîäåëü ïåðåïóòàëà ¾acoustic¿ ñ ¾electric¿
� èç-çà ãðèôà, ñì. ðèñ. (b)
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Ìåòîä ÿêîðåé (Anchors): àïïðîêñèìàöèÿ êîíúþíêöèÿìè

gx(z , β) =
∧

j∈J bj(z) � ïðàâèëà-êîíúþíêöèè, îáðàçóåìûå
íåáîëüøèì ÷èñëîì áèíàðíûõ ïðèçíàêîâ èëè ïîðîãîâûõ óñëîâèé

Ïðàâèëî ñòðåìèòñÿ ïîêðûòü êàê ìîæíî áîëüøóþ îáëàñòü
îáúåêòîâ, îòíîñÿùèõñÿ ìîäåëüþ f ê òîìó æå êëàññó, ÷òî x

Îáõîäèò LIME ïî òî÷íîñòè, ïîêðûòèþ, êà÷åñòâó îáúÿñíåíèé

M.Ribeiro, S.Singh, C.Guestrin. Anchors: high-precision model-agnostic explanations. 2018
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Ìåòîä SHAP (SHapley Additive exPlanations)

gx(z , β) =
m∑
j=1

βjbj(z) � ëîêàëüíàÿ ëèíåéíàÿ àïïðîêñèìàöèÿ

Ïðèçíàêè bj(z) =
[
j-ãî èñêàæåíèÿ îáúåêòà x â ñóððîãàòå z íåò

]
Ñèíòåç ñóððîãàòà z(b) = ïðèìåíèòü ê x âñå èñêàæåíèÿ j : bj =0

Ïðèðàùåíèå f (z , α), åñëè â ñóððîãàòå z(b) óáðàòü èñêàæåíèå j :
∆(j , b) = V (b|bj=1)− V (b|bj=0), V (b) = f

(
z(b), α

)
Òðè æåëàòåëüíûõ ñâîéñòâà ëîêàëüíîé ìîäåëè gx(z , β)

1 ëîêàëüíàÿ ñîãëàñîâàííîñòü àïïðîêñèìàöèè â òî÷êå x :
∀j bj(z) = 1 ⇒ gx(z , β) = f (x , α)

2 áåñïîëåçíîñòü áîëâàíà � ïðèçíàêà bj , ïðîïóùåííîãî â x :
∀j bj(x) = 0 ⇒ βj = 0

3 ñîñòîÿòåëüíîñòü: ñ ðîñòîì ïðèðàùåíèÿ ∆(j , b) ðàñò¼ò βj ,
∀b, j ∆1(j , b) 6 ∆2(j , b) ⇒ β1j 6 β2j
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Ìåòîä SHAP: òåîðåòè÷åñêîå îáîñíîâàíèå

Òåîðåìà 1

Åäèíñòâåííûì ðàñïðåäåëåíèåì âåñîâ βj , óäîâëåòâîðÿþùèì
ñâîéñòâàì 1 2 3 ÿâëÿåòñÿ âåêòîð Øåïëè:

βj =
∑

b∈{0,1}m

|b|! (m − |b| − 1)!

m!
∆(j , b)

ãäå |b| = {j : bj = 1} � ÷èñëî åäèíèö â âåêòîðå b.

Òåîðåìà 2 (ìåòîä Shapley Kernel)

Âåêòîð Øåïëè (βj) ÿâëÿåòñÿ ðåøåíèåì çàäà÷è ÍÊ ñ âåñàìè:∑
b∈{0,1}m

wb

(
gx(z(b), β)− f (z(b), α)

)2 → min
β

ãäå wb � âåñà 2m ñóððîãàòîâ, wb = |b|! (m−|b|−1)!
m!

m−1
|b| = 1

mC
|b|−1
m−2
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Ìåòîä Shapley Kernel: âàðèàíò ðåàëèçàöèè SHAP

⊕ Âåêòîð Øåïëè (βj) âû÷èñëÿåòñÿ
âçâåøåííîé ëèíåéíîé ðåãðåññèåé

⊕ LIME ðåøàåò òó æå çàäà÷ó,
íî âåñà ñóððîãàòîâ wb çàäàþòñÿ
ýâðèñòè÷åñêè, íåîïòèìàëüíî

⊕ Ïðè áîëüøèõ 2m âåêòîðû b ìîæíî
ñýìïëèðîâàòü èç ðàñïðåäåëåíèÿ wb

⊕ SHAP ëó÷øå LIME â ýêñïåðèìåíòàõ, ãäå îíè ñðàâíèâàëèñü
ñ òåì, êàê ýêñïåðòû îáúÿñíÿþò ðåøåíèÿ ìîäåëåé

	 Çíà÷èìîñòü ïðèçíàêîâ îöåíèâàåòñÿ ïî íåðåàëèñòè÷íûì
(out-of-distribution) ñóððîãàòíûì îáúåêòàì

Scott Lundberg, Su-In Lee. A uni�ed approach to interpreting model predictions. 2017

E.Kumar, S.Venkatasubramanian, C.Scheidegger, S.A.Friedler. Problems with
Shapley-value-based explanations as feature importance measures. 2020
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Ìåòîäû LIME è Anchors
Ìåòîäû SHAP è SAGE

Ìåòîä SHAP: ïðèìåð âèçóàëèçàöèè

Ìîäåëü âåðîÿòíîñòè äåôîëòà f (x), ãðàäèåíòíûé áóñòèíã

Èíäèâèäóàëüíîå îáúÿñíåíèå äëÿ x : f (x) = 19% ïðè ȳ = 6%
Çíà÷åíèÿ Øåïëè ïîêàçûâàþòñÿ öâåòîì: βj(x) < 0, βj(x) > 0

Àãðåãèðîâàííûå îáúÿñíåíèÿ ïî âñåé âûáîðêå {βj(xi )}:

îñü Õ: βj (xi )

îñü Y: ïðèçíàêè j

öâåò òî÷êè: çíà÷åíèå ïðèçíàêà fj (xi )

øèðèíà ëèíèè ∝ ÷èñëî òî÷åê

https://rb.ru/opinion/uzhe-ne-black-box
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Ìåòîä SAGE (Shapley Additive Global importancE)

SHAP:
êàêîâû âêëàäû ïðèçíàêîâ fj
â ïðåäñêàçàíèå f (x)

SAGE:
êàê êà÷åñòâî ìîäåëè â öåëîì
çàâèñèò îò ïðèçíàêîâ fj

Ìîäèôèêàöèÿ SHAP→SAGE:

V (S) = −L
(
Ex̃ f (xS , x̃)

)
� ðàñêëàäûâàþòñÿ ïîòåðè (LossSHAP)

φj = 1
`

∑̀
i=1

φj(xi ) � çíà÷åíèÿ Øåïëè óñðåäíÿþòñÿ ïî âûáîðêå

φj = 1
|X |

∑
xi∈X

φj(xi ) � èëè ïî ñëó÷àéíîé ïîäâûáîðêå, åñëè äîëãî

Ian C. Covert, Scott Lundberg, Su-In Lee. Understanding Global Feature Contributions
With Additive Importance Measures. 2020
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Âåêòîð Øåïëè äëÿ îáúåêòîâ
Ìåòîä Gradient Shapley
Êîíòðôàêòè÷åñêîå îáúÿñíåíèå

Âåêòîð Øåïëè äëÿ îáúåêòîâ: èíêðåìåíòíîå îáó÷åíèå

Òåïåðü îáó÷àþùèå îáúåêòû èãðàþò â êîîïåðàòèâíóþ èãðó:
fs(x) � ìîäåëü, îáó÷åííàÿ íà ïîäâûáîðêå S ⊆ {x1, . . . , x`}
V (S) = −

∑
x L (fs(x)) íà òåñòîâûõ îáúåêòàõ x (hold-out)

∆(i ,S) = V (S ∪ i)−V (S) � ïîëåçíîñòü îáó÷àþùåãî îáúåêòà xi
φi = 1

|Π|
∑

π∈Π ∆(i , Sπi ) � íåñìåù¼ííàÿ îöåíêà Ìîíòå-Êàðëî

äëÿ âñåõ ïåðåñòàíîâîê πt ∈ Π, t = 1, . . . , |Π|:
S := ∅; v0 := V (∅);
äëÿ âñåõ i = πt(1), . . . , πt(`):

S := S ∪ {xi};
îáíîâèòü ìîäåëü fs(x), äîîáó÷èâ å¼ íà îáúåêòå xi ;
îöåíèòü ìîäåëü vi := V (S);

φi := t−1
t φi + 1

t (vi − vi−1);

A.Ghorbani, J.Zou. Data Shapley: equitable valuation of data for machine learning. 2019
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Âñòðàèâàíèå îöåíîê Øåïëè â îíëàéíîâûé ãðàäèåíòíûé ñïóñê

Ãðàäèåíòíàÿ ìèíèìèçàöèÿ àääèòèâíîãî êðèòåðèÿ:∑̀
i=1

L
(
f (xi , α), yi

)
→ max

α

Àëãîðèòì èíêðåìåíòíîãî îáó÷åíèÿ Online Gradient Descent:

äëÿ âñåõ ïåðåñòàíîâîê πt ∈ Π, t = 1, . . . , |Π|:
S := ∅; v0 := V (∅); èíèöèàëèçèðîâàòü α0;
äëÿ âñåõ i = πt(1), . . . , πt(`):

S := S ∪ {xi};
îáíîâèòü ìîäåëü αi := αi−1 − ηi∇αL

(
f (xi , αi−1), yi

)
;

îöåíèòü ìîäåëü vi := V (S);

φi := t−1
t φi + 1

t (vi − vi−1);

A.Ghorbani, J.Zou. Data Shapley: equitable valuation of data for machine learning. 2019
M.Zinkevich. Online convex programming and generalized in�nitesimal gradient ascent. 2003.
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Èíòåðïðåòàöèÿ îáúåêòîâ ñ ïîìîùüþ çíà÷åíèé Øåïëè

íèçêîå φi � âûáðîñû, òàêèå xi ìîæíî óäàëÿòü èç âûáîðêè

âûñîêîå φi � îïîðíûå, ïîãðàíè÷íûå, òàêèõ xi íå õâàòàåò

áîëåå óñòîé÷èâàÿ îöåíêà ïî ñðàâíåíèþ ñ leave-one-out

Çàäà÷à UCI:BreastCancer

(1) èçúÿòèå èç îáó÷åíèÿ ëó÷øèõ îáúåêòîâ, ïî óáûâàíèþ φi
(2) èçúÿòèå èç îáó÷åíèÿ õóäøèõ îáúåêòîâ, ïî âîçðàñòàíèþ φi
(3) äîáàâëåíèå îáúåêòîâ, ïîõîæèõ íà ëó÷øèå, ïî óáûâàíèþ φi
(4) äîáàâëåíèå îáúåêòîâ, ïîõîæèõ íà õóäøèå, ïî âîçðàñòàíèþ φi

A.Ghorbani, J.Zou. Data Shapley: equitable valuation of data for machine learning. 2019
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Çàäà÷à ïîèñêà êîíòðôàêòîâ

Êîíòðôàêò x ′ � îáúåêò, ñõîæèé ñ x , íî ñóùåñòâåííî
îòëè÷àþùèéñÿ ïðåäñêàçàíèåì ìîäåëè f (x ′, α∗).

Ìîäåëü êðåäèòíîãî ñêîðèíãà âûäàëà îòêàç.
Êàêèå èçìåíåíèÿ ïðèçíàêîâ ïîìåíÿþò ðåøåíèå ìîäåëè?
(çàêðûòü äðóãèå êðåäèòû? ïåðååõàòü â äðóãîé ãîðîä?
ñìåíèòü ðàáîòó? èçìåíèòü ñòðóêòóðó ðàñõîäîâ?)

Ìîäåëü îöåíèëà äëÿ ñîáñòâåííèêà ñòîèìîñòü àðåíäû.
Êàêèå ôàêòîðû ñïîñîáíû óâåëè÷èòü îöåíêó ñòîèìîñòè?
(óëó÷øèòü ðåìîíò? ðàçðåøèòü äîìàøíèõ æèâîòíûõ?)

Âàæíî: íàõîäèòü ðåàëèçóåìûå èçìåíåíèÿ ïðèçíàêîâ:

ìèíèìàëüíî èçìåíÿòü ìèíèìàëüíîå ÷èñëî ïðèçíàêîâ

âûáèðàòü èç ìíîæåñòâà ðàçíîîáðàçíûõ êîíòðôàêòîâ

Riccardo Guidotti. Counterfactual explanations and how to �nd them: literature review
and benchmarking. 2022
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Ìåòîä ïîèñêà êîíòðôàêòîâ (Counterfactual explanations)

Êîíòðôàêò x ′ � îáúåêò, ñõîæèé ñ x , íî ñóùåñòâåííî
îòëè÷àþùèéñÿ ïðåäñêàçàíèåì ìîäåëè f (x ′, α).

Îïòèìèçàöèîííàÿ çàäà÷à ïîèñêà êîíòðôàêòîâ x ′ ñ çàäàííûì y ′:

L
(
f (x ′, α), y ′

)
+ λ‖x − x ′‖1 → min

x ′
min
λ

L1-ðåãóëÿðèçàòîð îáåñïå÷èâàåò ðàçðåæåííîñòü ðåøåíèÿ �
÷åì áîëüøå λ, òåì áîëüøå ñîâïàäåíèé ïðèçíàêîâ xj = x ′j :

‖x − x ′‖1 =
n∑

j=1

|xj − x ′j |
MADj

,

Median Absolute Deviation MADj = med
i
|xij −Mj |, Mj = med

i
xij

Ïîñòåïåííî óìåíüøàÿ λ, ïîäãîíÿåì f (x ′, α)→ y ′.

S.Wachter, B.Mittelstadt, C.Russell. Counterfactual explanations without opening the
black box: Automated decisions and the GDPR. 2017
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Ïîäõîäû ê îáúÿñíèìîñòè ìîäåëåé

V.Belle, I.Papantonis.

Principles and practice of
explainable machine learning. 2020
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Ðåçþìå

Èíòåðïðåòèðóåìîñòü � ïðîçðà÷íîñòü ñòðîåíèÿ ìîäåëè,
ëèáî ïîíÿòíîñòü å¼ ðåçóëüòàòà íà îáúåêòå

Èíòåðïðåòèðóåìûõ ìîäåëåé íå ìíîãî:
ëèíåéíûå (MVLR, LR, GAM, GLM), ëîãè÷åñêèå (DT, RI),
ìåòðè÷åñêèå (kNN, PW, RBF), áàéåñîâñêèå (NB, BN)

Îáúÿñíèìîñòü ðåøåíèÿ íà îáúåêòå � êàê ïðàâèëî,
ñ ïîìîùüþ èíòåðïðåòèðóåìîé ñóððîãàòíîé ìîäåëè

Âåêòîð Øåïëè îöåíèâàåò âêëàäû ¾èãðîêîâ¿ â îáùèé
ðåçóëüòàò ïî äàííûì îá óñïåøíîñòè èõ êîàëèöèé;
¾èãðîêè¿ ýòî ïðèçíàêè, íî èäåÿ ïðèìåíèìà è ê îáúåêòàì

SHAP, SAGE � íàèáîëåå ïðîäâèíóòûå ìåòîäû îáúÿñíåíèÿ

P.Linardatos, V.Papastefanopoulos, S.Kotsiantis. Explainable AI: A Review of Machine
Learning Interpretability Methods. 2021

Zachary C. Lipton. The Mythos of Model Interpretability. 2018

Christoph Molnar. Interpretable Machine Learning: A Guide for Making Black Box
Models Explainable. 2019

Ribana Roscher et al. Explainable Machine Learning for Scienti�c Insights and
Discoveries. 2020
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